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Abstract

The fate of a species is a function of interacting environmental and biological
processes. Disentangling the roles and interactions of such processes can eluci-
date the breadth of possible responses to global change, for instance, the
potential for phenotypic plasticity or trait evolution to rescue populations from
climate change. We explored how environmental and biological factors
influenced the timing of emergence post-hibernation, and subsequent oviposi-
tion, of the temperate aquatic amphibian, Rana sylvatica. We evaluated how
frog phenology changed for 64 populations over 25 years, pairing these obser-
vations with 45 years of mechanistic and machine learning simulations of
microclimate and frog physiology. Adult frog oviposition dates varied between
day-of-year 74 and 135, and on average advanced marginally by 1.6 days per
decade. Coupled mechanistic models predicted frog emergence date with a
median absolute error of 6.9 days (RMSE: 8.95 days). Sensitivity analyses of
the mechanistic simulations demonstrated the importance of vegetation struc-
ture and meteorology, and their interactions, for driving variation in emer-
gence dates, while frog behavior played a moderate role. Modeled variation in
morphological and physiological traits had little effect on predicted phenologi-
cal variation, even when trait space was unrealistically inflated. Our study sug-
gests that for this system, interpopulation variability in phenology may be
driven more by exogenous factors (the environment), and to a lesser extent
behavior, rather than endogenous traits of morphology and physiology, the lat-
ter of which may provide little capacity to respond to changing climates over
time. Our approach suggests that pairing phenological observations with gen-
eralizable mechanistic models can offer an effective platform to understand
and predict responses to global change.
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INTRODUCTION

The ecology of organisms arises from the interactions
among multiple drivers, some of which can be categorized
into climatological, geographical, and biological processes
(Wainwright & Reilly, 1994). From the perspective of a
single species, drivers of phenology, development, repro-
duction, and other processes can be considered as falling
along a gradient from exogenous to endogenous with
respect to that species (Figure 1). Exogenous drivers are
those environmental and ecological conditions that are
external to the organism, such as ambient meteorology,
topography, and human modification of habitat, which
serve as the context within which biology plays out.
Endogenous drivers, on the other hand, are those biologi-
cal traits and conditions that are intrinsic to a species,
including physiology, behavior, and dispersal, which arise
from genetic variation, demography, and culture (Baecher
et al., 2023; Bolker, 2003; Porter et al., 2023).
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The interactions between exogenous and endogenous
factors determine the rate and magnitude of ecological
processes. Yet, the relative importance of exogenous ver-
sus endogenous drivers for shaping variation in an eco-
logical process may determine the resilience of a given
population to environmental change (Urban et al., 2013).
If endogenous factors explain a large amount of variation
in a population’s response to change, this may be due to
high phenotypic plasticity, standing genetic variation, or
behavioral adjustment—all of which may entail broader
biological capacity to withstand adverse or variable con-
ditions (Huey et al., 2012; Sunday et al, 2014).
Conversely, if endogenous factors explain little variation
in a population’s response to change, relative to exoge-
nous factors, this suggests a limited biological toolkit by
which the organism can adapt to environmental
change—the organism is more at the whim of its envi-
ronment, possibly entailing a higher likelihood for an
individual or population to succumb to perturbations.
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(a) From the perspective of a single species, ecological variables can vary from environmental conditions that are fully

external to the organism (exogenous) to biological traits that are fully intrinsic to the organism (endogenous). (b) We integrated empirical
data with mechanistic models to explore how the roles of exogenous and endogenous variables drive variation in the timing of
post-hibernation emergence of wood frogs (Rana sylvatica). Wood frogs hibernate below leaf litter and snow cover, and based on
environmental and physiological cues, emerge from belowground and navigate to a nearby (and frequently their natal) pond to breed and
deposit eggs. (c) We leveraged 45 years of observations for populations associated with 64 ponds in northeastern Connecticut. Illustrations/

icons created by David H. Klinges.
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From a practical standpoint, understanding the impor-
tance of exogenous versus endogenous factors can also
guide how well researchers can model or predict an eco-
logical system. Relative to biological processes, which are
frequently hard to measure or model at scale, many (but
not all) meteorological and environmental processes are
well represented by both mechanistic models and spatial
gridded data (Randin et al., 2020). An ecological response
for which exogenous factors are more important than
endogenous ones therefore may be understood and
predicted at broad scales even when trait-based measure-
ments cannot be scaled, if the important exogenous fac-
tors are identified.

Phenology, or the relative timing of life events for an
organism, serves as one of the most important processes
through which biological traits and the environment
interact, including via a species’ response to contempo-
rary climate change (Cleland et al., 2007). To maintain
tolerance to dynamic climates, species must either adapt,
shift their life history in time (phenology), and/or shift in
space (Parmesan, 2006). Recent work has shown that
phenological shifts in response to climate change are
idiosyncratic and often linked to both environmental fac-
tors and resource-tracking cues (Lang et al., 2024;
Neate-Clegg et al., 2024), although few organisms shift phe-
nology fast enough to keep up with climate warming
(Loughnan et al., 2024; Piao et al., 2019). Understanding the
pace of phenological shifts, and the exogenous and endoge-
nous drivers of any such phenological shifts, is important
for species-specific conservation (Timm et al., 2007), natural
resource management (Willems et al., 2021), and building
generalized theory (Primack et al., 2023).

Mechanistic niche models offer a particularly useful
platform by which to evaluate the relative importance of
exogenous versus endogenous factors for shaping ecol-
ogical responses including phenology (Kearney &
Porter, 2009), as such models explicitly represent the inter-
actions of environmental and biological variables across
the gradient of exogenous to endogenous (Figure 1). For
example, meteorology (extrinsic for and agnostic to all spe-
cies, and therefore fully exogenous) shapes local microcli-
mates that organisms experience and from which mobile
animals can behaviorally select (where exogenous and
endogenous factors meet). Then, an organism’s morphol-
ogy and physiology (all intrinsic to individual organisms,
and therefore endogenous) are examples of traits that are
subject to selection, providing the biological substrate by
which evolution operates. All such environmental and bio-
logical variables can be explicitly represented through time
via mechanistic niche models (Briscoe et al., 2023). Given
their grounding in theory, mechanistic models in particu-
lar allow one to leverage proposed mathematical relation-
ships of exogenous and endogenous factors to evaluate

how sensitive an ecological response is to different factors
(Ma et al., 2023).

Wood frogs (Rana sylvatica = Lithobates sylvaticus)
are a widespread pond-breeding amphibian occurring
across much of North America (Dodd, 2013; Lee-Yaw
et al., 2008). During winter, adult frogs hibernate below-
ground, and based on a combination of environmental
and biological cues, which are not fully known, they
emerge and navigate to nearby vernal ponds to reproduce
(Arietta et al., 2020). Selection of hibernaculum micro-
habitats by wood frogs, and subsequent emergence phe-
nology, serve as important stages of the animal’s life
history, in some cases dramatically impacting adult sur-
vival rates (Fitzpatrick et al., 2020; O’Connor &
Rittenhouse, 2016). Wood frog dispersal is spatially lim-
ited (Bellis, 1965; Berven, 1982; Skelly et al., 1999), and
as ectotherms their physiology and behavior are sensitive
to their local environment and microclimate (Angilletta
Jr., 2009)—both reasons why organismal biophysiology
models are useful tools for exploring exogenous and
endogenous drivers of their responses to global change
(Briscoe et al., 2023).

We evaluated the relative importance of exogenous
and endogenous factors for the phenological response of
the wood frog to climate change. Combining 25 years
of observations of wood frog phenology with mechanistic
simulations of microclimate and animal physiology,
metabolism, and behavior, we ask: How do environmen-
tal context and amphibian biology separately, and jointly,
shape variation in the timing of adult frog emergence at
the end of winter? Understanding the drivers of winter
emergence phenology can serve to advance understand-
ing of intra- and intergenerational responses to global
change for a widespread vertebrate species. We examined
mechanistic model accuracy at capturing phenological
observations, relative to the accuracy of data-driven
machine learning, and performed simulation experi-
ments to evaluate whether wood frog phenology is more
sensitive to exogenous or endogenous factors. We then
contextualize how our approach here, combining obser-
vations, trait values, and mechanistic niche models, aids
broader understanding of the capacity by which organ-
isms can use behavior and biology to mitigate impacts of
climate variability.

METHODS

Natural history and phenological data
collection

Wood frogs are one of the few vertebrates capable of
withstanding internal ice formation, given their capacity
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to accumulate glucose in their bloodstream to serve as a
cryoprotectant (Storey & Storey, 1984). Adults overwinter
by burying below litter into the topsoil, typically 2-5 cm
deep, in forested or otherwise vegetated habitats,
selecting for microhabitats that are thermally buffered
throughout winter (to avoid exposure to metabolically
taxing freeze-thaw cycles) yet exposed enough to solar
radiation so as to warm and melt early in spring (Groff
et al.,, 2016; O’Connor & Rittenhouse, 2016; Sinclair
et al., 2013). This also entails that wood frogs are gener-
ally the first active amphibians in spring throughout their
range, well before all snow and ice have melted across a
landscape (Dodd, 2013). Upon emergence, adult males
move to a temporary pond within close vicinity (often the
same pond at which the individual was born) to chorus
en masse and attract females, after which reproduction
and oviposition occurs in the shallow edges of the pond
(Bellis, 1965; Berven, 1982).

We monitored wood frog phenology from 2000 to
2024 for 64 nonpermanent wetlands (hereafter ponds) in
northeastern Connecticut within the 3213-ha Yale Myers
Forest (Figure 1), with additional modeling for all ponds
from 1979 to 2024. While the focus of this study was upon
adult frog emergence post-hibernation, monitoring the
timing of emergence at scale (across years and many
populations) presents an extreme challenge, given the
diversity of hibernacula microsites surrounding any given
pond. Instead, the timing of oviposition (egg deposition
within ponds) serves as a more logistically feasible mea-
surement of phenology. Therefore, we used records of
wood frog oviposition from 2000 to 2024, as described in
Arietta et al. (2020). In brief, two observers searched each
pond for egg masses, no less than once per week after
early March (the earliest recorded wood frog oviposition
in the area). If eggs were found, the observers indepen-
dently counted masses, and then averaged the estimates
(for some surveys with one observer, egg masses were
counted twice and averaged). As breeding commences
shortly after emergence from hibernation, dates of ovipo-
sition served as an approximate, although not exact, indi-
cator of per-pond average adult emergence dates.

Modeling air and soil microclimates

We used the mechanistic microclimate model of
NicheMapR (Kearney & Porter, 2017) to simulate the
thermal, hydric, and radiative conditions that adult frogs
experience while in hibernacula belowground and active
aboveground. This model represents heat, radiative and
hydric exchange across a set of vertical nodes (above-
and belowground) at hourly timesteps for high and low
radiative shading, therefore representing the proximal

conditions below vegetation and subject to topography as
are experienced by most terrestrial, arboreal, fossorial,
and aquatic organisms. The microclimate model was run
via the micro_usa() function of NicheMapR and parame-
terized with observations and estimates of meteorology,
vegetation, topography, and pedology for each pond
(Appendix S1: Table S1). In brief, this included: gridMET
daily surface meteorology at approximately 4-km spatial
resolution (Abatzoglou, 2013), a 0.8-m digital elevation
model of Connecticut (CT ECO, 2016); vegetation proper-
ties such as leaf area index and canopy height as
estimated for mixed forest by microclimc (Maclean &
Klinges, 2021); and soil properties wusing the
pedotransfer() function of NicheMapR following methods
by Enriquez-Urzelai et al. (2019); full parameterization of
the model is available via Zenodo (Klinges &
Skelly, 2026). To represent shading levels for microclimate
simulations at each pond, following Billet et al. (2024), we
used time-constant percent forest cover estimates within a
200-m radius around each pond, derived from 30-m reso-
lution imagery from the 2019 US Geological Survey
National Land Cover Database (Homer et al., 2012). We
also performed modeling with empirical estimates of mini-
mum and maximum canopy cover from hemispherical
photographs (Arietta et al., 2020). Model predictions were
more accurate using 200-m radius forest cover estimates,
and therefore these were used in reported results.

Modeling frog activity and phenology

We used the mechanistic ectotherm and dynamic equilib-
rium energy (DEB) models of NicheMapR (Kearney &
Porter, 2020) to then simulate adult frog activity subject
to environmental exposure (Figure 1). These models in
tandem represent an organism as an open thermody-
namic system exchanging energy with its environment.
State-specific budgets for heat and water interact with
metabolism (feeding, maintenance, and development) to
determine growth and life history, modulated by an
organism’s activity through foraging and thermoregula-
tion. However, important processes are therefore
neglected, including dispersal, competition, and preda-
tion. As with the microclimate model, these animal
models represent vertical conditions at a point with
high-shading and low-shading options, rather than a spa-
tial grid of conditions. As such, thermoregulation entails
(1) vertical movement (e.g., burrowing deeper), (2) pos-
ture adjustments (relative to the modeled direction of the
sun’s rays and to change amount of contact with the soil
substrate), and (3) basking or shade-seeking behavior, all
to avoid lethal extremes and to optimize exposure to pre-
ferred conditions (Kearney & Porter, 2020). We used
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environmental conditions as estimated by the NicheMapR
microclimate model to drive the ectotherm and DEB
models, with empirical records or estimates of wood frog
morphology, physiology, and behavior provided as model
parameters (Appendix S1: Table S2). Metabolic traits for
the DEB model were drawn from published records for
the Siberian wood frog (Rana amurensis), which has simi-
lar ecology and physiology (including freeze tolerance) to
R. sylvatica (Shekhovtsov et al., 2020).

We modeled wood frog activity from 1979 to 2024 for
each pond in Yale Myers Forest separately, discarding
the first year of predictions as burn-in. Each simulation
represented a single frog at a single location adjacent to
each pond. While locations of adult wood frog hibernac-
ula may be over 500 m away from their aquatic breeding
site, most individuals remain within 100 m of their natal
pond (Bellis, 1965; Groff et al., 2017), justifying our use of
environmental data describing conditions surrounding
ponds. As with microclimate modeling, wood frog devel-
opment and activity were modeled hourly.

Meteorological and environmental conditions deter-
mined the range of microclimates available to an adult
frog, which was initialized belowground. Based on these
microclimatic conditions, the simulated frog would
attempt to maintain the most desirable energetic status.
We constrained the frog to remain belowground,
representing the dormant state of adult frogs in winter,
until a set of conditions were met:

1. The simulation advanced beyond the 65th day of the
year (earlier than any observed frog activity in
Connecticut, Arietta et al., 2020).

2. Wood frog body temperature was above —0.16°C for
three consecutive days (corresponding to the inflec-
tion temperature at which frog thawing begins,
Sinclair et al., 2013).

3. There was no snow for at least five consecutive days
(Fitzpatrick et al., 2019).

When all of these criteria were met, frogs were then
permitted to emerge, which would occur if aboveground
conditions were otherwise physiologically desirable for
activity (Appendix S1: Figure S1).

Machine learning predictions

To evaluate the performance of the mechanistic predictions
against a data-driven model, we also trained a random for-
est model to predict the first day of wood frog oviposition.
This random forest was fitted directly to the observed dates
of frog egg records, while NicheMapR instead predicted the
timing of adult frog emergence. Furthermore, by fitting this

random forest model as described in Arietta et al. (2020),
we were able to directly compare our predictions to this
prior study of wood frog phenology. In brief, we trained
the model using pond-wise covariates of latitude, elevation,
aspect, and canopy cover metrics, along with site-wide
daily average temperature, precipitation, and snow water
equivalent from DayMet (Thornton et al., 2021) between
day-of-year 0 and 120 (1 Jan-29 April). We grew our ran-
dom forest from 1000 regression trees. We then used the
model fit to all observations to hindcast oviposition dates
between 1980 and 1999, and predicted in-sample for each
pond from 2000 to 2024.

As a null model against which to evaluate mechanis-
tic and machine learning predictions, we also simulated
frog biophysiology in response to microclimatological
day-of-year normals. This aids interpretation of the value
of exogenous drivers, which are held constant across
years in this null model while dynamic in our mechanis-
tic and machine learning models. For each pond, we
averaged microclimate time series across years from 1979
to 2024 to the average conditions for each day-of-year.
We then concatenated 46 replicates of such microclima-
tological normals to derive 46 years of identical annual
conditions. We then drove the NicheMapR ectotherm
model using these microclimatological normals, again
discarding 1979 as burn-in.

Validation

We validated the mechanistic predictions of microcli-
matic air temperature, total precipitation, snowfall, snow
depth using 4 years of meteorological observations from
a weather station within Yale Myers Forest, and
from 7 years of observations from a NOAA Global
Historical Climatology Network weather station in
Eastford, CT (41.899067 N, 72.120719 W). We used these
observations to validate microclimate simulations for a
relatively open canopy (0% minimum shade, 10% maxi-
mum shade), corresponding to the locations of both
weather stations. We calculated the root mean square
error (RMSE) of climate predictions from measurements,
calculated at hourly, daily (means/minima/maxima), and
monthly (means/minima/maxima) resolutions. Snow
predictions were only validated at daily and monthly res-
olutions, as measurements were made daily.

We validated predicted dates of wood frog emergence
with observations of frog egg masses between 2000 and
2024. While the NicheMapR ectotherm model does have
modularity to predict oviposition, built-in parameters
that determine timing of oviposition (e.g., oviposition
timing based on daylength) do not represent wood frog
phenology, and through exploration of NicheMapR
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oviposition predictions, we determined the model was
unsuitable for capturing wood frog oviposition observa-
tions directly. Preliminary investigation indicated that
the NicheMapR model was sensitive to the narrow range
of elevation expressed across ponds, which introduced
bias in predicted emergence rates (Appendix SlI:
Figure S3); therefore for validation, we set elevations of
all ponds equal to the mean pond elevation (236 m ASL).
We calculated the RMSE and absolute error of the
predicted day of frog emergence from the day of observed
egg masses per pond per year. For years when multiple
surveys were recorded for the same pond, we averaged
survey dates weighted by the number of new egg masses
recorded in subsequent surveys.

Drivers of the timing of frog oviposition (used for vali-
dation) may differ from drivers of emergence (what was
mechanistically modeled). For instance, this may include
the severity of drought conditions, as successful reproduc-
tion and oviposition entail rain events and standing water
in vernal pools (Berven, 1982). Thus, to explore error in
mechanistic emergence predictions, we fit a generalized
linear model (GLM) with error in mechanistic predictions
as the response (modeled with a Gaussian link) and sev-
eral covariates: early-spring drought severity, per-pond
abundance of egg masses, pond average canopy cover, and
pond area. For estimating early-spring drought, we
extracted time series of the Palmer Drought Severity Index
(PDSI, Palmer, 1965) from gridMET daily gridded meteo-
rological predictions (Abatzoglou, 2013) for the grid cell of
central Yale Myers Forest and averaged PDSI values for
the months of March and April for each year. Prior to
fitting the GLM, all covariates were scaled between 0 and
1 to standardize the contributions of each parameter.

Phenological trends over time

To explore phenological trends in oviposition across
25 years of observations, per Arietta et al. (2020), we
quantified the change in per-pond phenology via a linear
mixed-effects model fit to oviposition observations,
predicting oviposition date by year, including the pond of
observation as a random intercept both with and without
allowing the slopes of the relationship with year to vary
among ponds as a random effect. For all linear models,
we calculated 95% confidence intervals (CIs) for coeffi-
cient estimates with 1000 bootstrap iterations.

Sensitivity analyses
To measure the importance of exogenous (meteorological,

geographic) and endogenous (behavioral, physiological,
morphological) processes for wood frog phenology, we

conducted one-at-a-time sensitivity analyses, in which we
estimated the sensitivity of predicted date of frog emer-
gence to variation in each of a set of parameters inputted
to the NicheMapR microclimate and animal models
(Appendix S1: Table S3). Minimum and maximum values
of each parameter were defined based on previously
published estimates, or the range of empirical values
observed across all ponds at our study site, with an addi-
tional parameter value at the mean between minimum
and maximum (totaling three values per parameter). We
ran a set of simulations with the NicheMapR microclimate
and ectotherm models from 1979 to 2024 (discarding 1979
as burn-in). For each simulation, we changed the value of
a single parameter while all others were held constant at
their mean value. Within each 45-year simulation, we
summarized emergence dates to their interannual mean.
We then reported the sensitivity of such mean emergence
dates to each parameter based on the difference in the
lowest and highest mean emergence dates predicted from
simulations in which that parameter was allowed to vary.
This method allowed for nonlinear effects of the parame-
ter on emergence dates, as opposed to reporting sensitivity
based on the difference in emergence dates between the
minimum and maximum values of the parameter
(Holmquist et al., 2018). As the roles of animal traits may
differ depending on whether the NicheMapR dynamic
energy budget (DEB) model is implemented or not, we ran
sensitivity analyses both with and without the DEB model
activated. We also reconducted the sensitivity analyses
with inflated ranges of biological trait values, to represent
broader phenotypes and/or plasticity. We additionally
performed sensitivity analyses of the minimum and maxi-
mum microclimatic (below-canopy) air and soil tempera-
tures, but only to the meteorological and geographical
parameters (as frog biological parameters were irrelevant
to microclimate).

Software

All analyses were conducted in R v42 (R Core
Team, 2024). A list of critical R packages and their cita-
tions is provided in the Supporting Information. We
thank the efforts of many for producing open-source soft-
ware to advance research efforts. Data and code from this
study are available via Zenodo (Klinges & Skelly, 2026).

RESULTS
Validation

GridMet meteorology and the NicheMapR microclimate
model were both reasonably accurate at representing
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empirical conditions as measured by local weather sta-
tions (Figure 2). GridMet predicted daily total precipita-
tion with a RMSE of 7.21 mm and mean absolute error
(MAE) of 297 mm (Appendix S1: Table S4). When
summed to daily totals, NicheMapR-predicted snowfall
had RMSE of 4.75 cm and MAE of 1.52 cm, and predicted
snow depth had RMSE of 14.9 cm and MAE of 11.69 cm
(Appendix S1: Table S5). NicheMapR-predicted microcli-
matic hourly air temperatures had RMSE of 4.00°C and
MAE of 3.11°C (Appendix S1: Table S6).

NicheMapR predicted the day-of-year of adult frog
emergence with RMSE of 8.95 days and MAE of 6.9 days
(Figure 3). As indicated by a GLM, error in NicheMapR
emergence predictions correlated with several predictors:
the severity of drought in early spring months (f =
—0.54, SE = 0.24, 95% CI = —1.02, —0.07) and the mean
egg count of a pond (p = —0.80, SE = 0.24, 95% CI =
—1.27, —0.32) were both important predictors of
NicheMapR error. Therefore, removing years that experi-
enced severe drought (PDSI below —2.5) entailed slightly
higher prediction accuracy (RMSE of 8.88 days), as did
subsetting to just those ponds and years falling within
the upper 50% quantile of recorded egg mass counts (30
egg masses; RMSE of 7.58 days). The coefficient estimates
of the pond canopy cover (p = 0.37, SE = 0.27, 95% CI =
—0.16, 0.90) and pond area (f = —0.33, SE = 0.27, 95%
CI = —0.86, 0.20) did significantly deviate from zero.

Fivefold cross-validation showed that, the random
forest had higher predictive accuracy than the mechanis-
tic models (RMSE = 3.04 days; MAE = 2.38 days;
Figure 3). Yet, interannual variation in random forest
predictions was substantially reduced for out-of-sample
hindcasting before year 2000 (SD = 4.47) relative to
in-sample prediction (SD = 8.30), the latter of which
reflected empirical variation (SD = 8.94; Figure 3),
suggesting possible out-of-sample regression towards the
mean (Gareth et al., 2013). NicheMapR, conversely, had
comparable  interannual variation both  before
(SD =10.8) and after (SD = 11.6) year 2000. Both the
random forest and NicheMapR models substantially
outperformed a null model using microclimatological
normals (RMSE = 28.69 days; MAE = 27.08 days).

Phenological trends over time

From observations, oviposition dates ranged from
day-of-year 74 to day-of-year 135, with a median of
day-of-year 99. The linear mixed-effects model of oviposi-
tion date over time predicted an average trend of pheno-
logical advance per decade averaged across all 64 ponds
(B=-016, SE=0.039, 95% CI=-024, -—0.08,
Appendix S1: Figure S4). Fitting a mixed model allowing

slopes to vary by pond (AIC = 9800.5) did not increase
parsimony relative to a model without pond-specific
slopes (AIC = 9796.5). Subsetting oviposition data to
2000-2019 supported findings of phenological delay as
found by Arietta et al. (2020) (p = 0.084, SE = 0.053, 95%
CI = —0.010, 0.18), but the additional 5 years of data
(2020-2024) switched the estimated direction of pheno-
logical shift.

Sensitivity analysis

Emergence phenology as predicted by the mechanistic
NicheMapR model was generally more sensitive to exoge-
nous parameters (meteorology, geography) than endoge-
nous parameters (physiology, morphology, behavior).
With the DEB model turned off, meteorological parame-
ters explained 42% of all variation in emergence date,
geography explained 28%, behavior 25.8%, morphology
2.7%, and physiology 1.5% (Figure 4). With the DEB
model on, exogenous parameters still explained 63.3% of
all variation in emergence (Appendix S1: Figure S5); vari-
ation in emergence explained by geographic, physiologi-
cal, and behavioral parameters increased by 13.7%, 5.7%,
and 2.4%, respectively, while meteorology and morphol-
ogy explained 20.4% and 1.4% less variation, respectively.
When the ranges of trait values were inflated, however,
endogenous factors explained 50.2% of all variation, yet
this was because a single quasi-behavioral parameter—
the number of consecutive hours above the chosen tem-
perature of emergence—explained 31.7% of all variation
(Appendix S1: Figure S6). Air and soil microclimatic tem-
peratures were generally more sensitive to canopy cover
than meteorological or other geographic parameters
(Appendix S1: Figures S7 and S8).

DISCUSSION

Exogenous factors, more than endogenous
factors, drive frog phenology

While ecology arises from the interactions of organisms
with their environment, disentangling the roles of exoge-
nous and endogenous factors helps explain the extent to
which a given species or population may exhibit biologi-
cal resilience to disturbances. Pairing mechanistic models
with long-term observations, we evaluated how exoge-
nous factors (meteorology, geography) and endogenous
factors (behavior, morphology, physiology) drive the phe-
nology of adult wood frogs emerging from winter hiber-
nation to reproduce. Such modeling captured observed
phenology with high accuracy (Figure 3). Furthermore,
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via a simulation experiment and sensitivity analysis, we
found that the timing of frog emergence was more sensi-
tive to exogenous factors than endogenous ones
(Figure 4).

Meteorological parameters (ambient temperature,
total precipitation, and snowfall) accounted for 42%
(32.2 days) of all variation in emergence day, while geo-
graphic parameters (canopy cover, leaf area index, and
elevation) accounted for 28% (21.5 days) of all variation
in emergence day. For instance, a 2°C increase in ambi-
ent temperature yielded an average shift of frog emer-
gence earlier by 14.4 days, while increasing canopy cover
(from a 0% shaded to a 90% shaded pond) delayed frog
emergence on average by 11.1 days. Conversely, adjusting
morphological and physiological trait values yielded
almost no change in phenology; for instance, doubling

frog mass from 7.6 to 15.6 g shifted average emergence by
only 0.8 days. The poor performance of our null model—
which was restricted to temporally averaged climatology,
yet still allowed for variable behavior of simulated
frogs—lends further evidence of the importance of envi-
ronmental drivers and representing them dynamically for
adequate predictions.

Microgeographical variation in forest structure sur-
rounding ponds situated just a few hundred meters apart
yielded distinct microclimatic regimes (Appendix S1:
Figures S7 and S8) that caused frog emergence to decou-
ple across populations (Figure 3). These findings corrob-
orate a recent study that found no spatial synchrony in
frog oviposition phenology across the same set of
metapopulations (Rowland et al., 2022). Mechanistic
modeling further suggested a clear and intuitive
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FIGURE 3 Top: Validation of mechanistic (NicheMapR) and machine learning (random forest) predictions of frog phenology using
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pathway of how meteorology and local geography
jointly shape wood frog emergence. Snow accumulates
and melts throughout the winter, with more vegetated
ponds receiving less peak snowfall given canopy inter-
ception, but longer persistence of snow into the spring,
relative to more open ponds (Figure 5). With such early
snow melt, mechanistic models predicted earlier frog
emergence at open ponds relative to vegetated ponds
(Figure 5).

Prior work has suggested the importance of not just
forest vegetation structure for shaping anuran winter
ecology and tadpole development (Skelly et al., 2002), but
also that finer scale microhabitat features drive wood frog
hibernaculum selection and hibernation survival by
determining local snow depth. Deeper snow cover insu-
lates soil hibernacula from thermal variability, reducing
exposure to lethally extreme cold temperatures
(O’Connor & Rittenhouse, 2016). Wood frogs have been
observed to select hibernacula next to rocks and woody
debris, which accumulate windthrown snow (Groff

et al.,, 2016). Similarly, greater leaf litter depth or the
presence of moss both decreases thermal variability and
increases moisture content, reducing the risk of desicca-
tion (Churchill & Storey, 1993). These microhabitat
features were represented implicitly in the sensitivity
analysis via tuning of the amount of rain absorbed by soil
and adding a snowfall multiplier, the latter of which
strongly influenced emergence date. Explicit representa-
tion of such microscale drivers of phenology may help
evaluate the importance of meter-scale heterogeneity rel-
ative to landscape-scale heterogeneity.

The role of snowfall and snow cover in shaping frog
phenology further illustrates the importance of standing
snow for winter ecology (Slatyer et al., 2022). The
subnivium—the seasonal microclimate refugium at
the interface between snow and the soil surface—serves
as a critical resource for winter survival and development
for animals, plants, and microbes across systems (Pauli
et al., 2013). Historic measurements and modeled fore-
casts indicate decreased snow cover and duration of the
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snow season in the Northern Hemisphere (Brown &
Robinson, 2011; Choi et al., 2010). Winter recreation and
land management, including snowmobiling, skiing,
and silviculture, may further erode or homogenize the
subnivium (Zuckerberg & Pauli, 2018). Pairing
process-based meteorological and niche models, as we
did here, facilitates development of hypothesized causal
relationships between decreasing snow cover and physio-
logical ramifications, which can be further tested via
snow removal experiments (Wipf & Rixen, 2010).

Of the endogenous parameters manipulated in our
sensitivity analysis, behavioral traits shaped phenology
more so than morphological and physiological traits. This
finding corroborates recent work that has emphasized
the role that behavior can play in shaping thermal toler-
ance, and mitigating physiological ramifications
of climate change (Kearney & Porter, 2020; Mufoz
et al., 2016; Sunday et al., 2014). This does not, however,
entail that morphological and physiological traits are
unimportant for amphibian ecology. Development rates
and performance of tadpoles are closely linked to body
mass and physiological condition (Stoler et al., 2015),
which along with predation risk (Relyea, 2002) influences
adult fitness (Berven, 1982; Skelly et al., 2002). Sex-

specific body mass also influences their predicted vulnera-
bility to ongoing warming given mass-specific energy
expenditures during winter freeze-thaw cycles (Fitzpatrick
et al., 2019). We advocate for further approaches that dis-
entangle how exogenous versus endogenous factors influ-
ence ontogeny and full life cycle development of
ectotherms such as amphibians.

Phenological advance

Contrary to the findings of Arietta et al. (2020) for the
same metapopulation, we found phenological advance of
frog oviposition dates rather than delay (Appendix S1:
Figure S4), despite using the same statistical method as
Arietta et al. (2020) for trend estimation. The divergent
findings here are due to several factors. First, our study
expanded upon the time series of Arietta et al. (2020)
from 20 to 25 years, possibly allowing for more informed
inference and highlighting the importance of long-term
ecological studies (Reinke et al., 2019). Additionally, the
years 2016 and 2017 underwent intense drought in
February and March (Appendix S1: Figure S2). Such
late-winter drought can delay reproduction and
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FIGURE 5 A proposed pathway by which meteorology and geography interact to influence wood frog emergence. (Top) As shown here

for a subset of studied years (2000-2015), snow depth generally increased through the early winter and melted in spring, with accumulation

and melting rates dependent on the amount of canopy cover (which intercepts snowfall). Vertical tick marks indicate per-pond emergence
dates as observed (top ticks) and predicted (bottom ticks). (Bottom left) This entails that the mechanistic models predicted the order of
emergence dates across ponds to consistently correspond to the amount of canopy cover. (Bottom right) Empirical order, however, did not

demonstrate a clear signal of canopy cover, indicating the importance of other unmodeled processes.

oviposition, even if thermal conditions are otherwise
suitable for earlier oviposition. As these were some of
the last few years studied by Arietta et al. (2020), such
drought may have pulled the linear trend estimate in
that study towards a delay; removing the drought years
by re-fitting the model to just 2000-2014 indeed yielded
an advance rather than delay (fp = —0.22, SE = 0.080,
95% CI = —0.37, —0.056).

Mechanistic and machine learning
phenology predictions

While both the mechanistic NicheMapR and a random
forest predicted frog phenology with comparable

accuracy, the machine learning algorithm outperformed
NicheMapR across several validation metrics (Figure 3).
This was expected for two reasons. First, validation obser-
vations were of oviposition, while our mechanistic
approach modeled adult frog emergence, which by neces-
sity predates oviposition and is sensitive to different pro-
cesses. For instance, thermal cues and the presence of
snow cover may drive amphibian emergence, while rainfall
or moon phases may drive movement towards ponds and
oviposition (Benard & Greenwald, 2023; Parmesan, 2007;
Semlitsch, 1985; Timm et al., 2007). Second, the random
forest is a correlative algorithm trained on site-specific
observations to minimize error, while the mechanistic
models are generalizable, process-based approaches.
Comparable performance between NicheMapR and the
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random forest suggests remarkably high accuracy of
NicheMapR.

Yet notably, extrapolated random forest predictions
may have incompletely represented interannual variation
in frog phenology. The random forest yielded higher vari-
ation for in-sample predictions (years 2000-2024), while
out-of-sample predictions (years 1980-1999) more closely
reflected the mean prediction across years (Figure 3).
Such regression towards the mean is often due to penali-
zation against outlier values during machine learning
training (Gareth et al., 2013). This points to one of
the trade-offs between correlative and mechanistic
approaches, with the former frequently entailing greater
prediction accuracy and the latter providing better causal
inference (Malmborg et al., 2024). Given these trade-offs,
global change research may best advance via use of
hybrid approaches fusing both mechanistic and machine
learning models (Buckley et al., 2023).

Caveats to our approach

Our interpretation that exogenous, more than endogenous,
drivers shaped wood frog phenology hinges upon our
assumptions during modeling frog biology, which may have
incompletely represented frog traits or overlooked impor-
tant biological processes. Selected ranges of biological trait
values were grounded in prior measurements so as to cap-
ture naturally occurring variation, yet broader phenotypic
variation or plasticity may entail larger trait space than
represented here. For instance, reconducting simulation
experiments but with substantially inflated biological trait
ranges entailed that endogenous factors accounted for
20.2% more variation in emergence timing relative to simu-
lations with empirical trait ranges (Appendix S1: Figure S6).
Yet, this was in large part because of the explanatory power
of a single quasi-behavioral trait: the number of consecutive
hours above the threshold temperature before emergence
occurs, which explained 31.7% of all variation with an
inflated range of values between 1 and 96 h (relative to the
prior range of 1-24 h). However, such a wide range is likely
unrealistic, and for all other endogenous factors, inflating
the range of trait values did not qualitatively increase their
explanatory power in sensitivity analysis. This suggests that
even with high genetic diversity or phenotypic plasticity,
such biological traits are relatively unimportant for wood
frog emergence phenology.

Additionally, the NicheMapR model assumes that an
organism metabolizes and behaves in a near-perfect man-
ner to track its preferred conditions in response to its envi-
ronment. In reality, organisms are restricted from
niche-tracking given biotic limitations, imperfect percep-
tion, and resource heterogeneity (Kearney & Porter, 2009).

For example, in our modeling all simulated frogs survived
hibernation and emergence. Yet, this may not reflect
behavioral imperfections of real wood frogs, which may
emerge during an early winter thaw and then succumb to
later storm events (author observations, O’Connor &
Rittenhouse, 2016). Furthermore, post-emergence move-
ment and oviposition are influenced by several additional
density-dependent processes. Early-arriving males to a
pond begin a chorus that attracts females but also addi-
tional males, increasing both the likelihood of reproduc-
tion and total fecundity (Bee, 2007). Thus, our data-model
integration here provides useful, albeit incomplete, infer-
ence into amphibian winter and spring phenology.

Drivers of phenology across species and
systems

A heightened role of exogenous factors, relative to endog-
enous ones, may provide optimism for our abilities to
predict organismal responses to climate change. Indeed,
our study suggests that interpopulation variation in phe-
nology may arise from environmental gradients more so
than from variation in biological traits. One may draw
the conclusion that ubiquitous geospatial environmental
datasets may thus offer useful predictors for phenology,
even without scalable trait-based information. Yet, how
well might our finding of a minimal role of endogenous
biological traits generalize for ecology beyond amphib-
ians? A meta-analysis found that 16 amphibian species
had phenological responses to climate change that were
two to four times stronger than trees, birds, and butter-
flies (Parmesan, 2007). Yet, amphibians also demonstrate
mixed signals of both phenological advance and delay
(Arietta et al., 2020; Parmesan, 2007), perhaps as their
responses to changing thermal conditions may
directionally diverge from responses to changing hydric
conditions (Semlitsch, 1985; Timm et al., 2007). Thus,
amphibian phenology may be more sensitive to exoge-
nous climate than to other taxa.

Other species may exhibit stronger relationships
between behavior, dispersal, and phenology in response
to global change. While most amphibians are poor dis-
persers, larger bodied or volant (flying) animals may
track resources at a large spatial scale, inducing spatial
shifts instead of temporal shifts, or a combination of both
(Abrahms et al., 2021). As ectotherms, amphibian body
temperatures are largely regulated by environmental
temperatures (Angilletta Jr., 2009). Endotherm phenol-
ogy may not respond as clearly to meteorological drivers
as we observed here for frogs, perhaps as responses to
meteorology may be mediated through availability of
food or other resources (Angilletta Jr., 2009; Porter
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et al., 2023; Zhang et al., 2025). Thus, we caution that our
results do not easily generalize across the tree of life,
given the idiosyncratic nature of species’ temporal and
spatial responses to climate change (Fredston et al., 2025;
Pilliod et al., 2022).

Important, therefore, is the need to represent taxonom-
ically specific mechanistic relationships between organ-
isms and their environment, as correlative approaches
often have poor performance in an out-of-sample predic-
tion such as forecasting (Briscoe et al., 2023). This includes
representing environmental variables as experienced by
the organisms themselves, such as near-surface microcli-
mates instead of weather station observations (Klinges
et al., 2024). While representing the proximal conditions
that organisms experience across large spatiotemporal
scales remains challenging, mechanistic microclimate
models serve as useful testing grounds for hypotheses on
the range of thermal and hydric conditions that individ-
uals and populations experience.

CONCLUSION

Here, we paired long-term field observations with trait
measurements and mechanistic simulations to understand
the environmental and biological processes that determine
a pond-breeding amphibian’s phenological response across
several decades. Combining regularly collected observa-
tions and mechanistic modeling helps build a generaliz-
able framework by which to understand phenological
responses to global change (Reinke et al., 2019). We there-
fore amplify recent calls to fuse field-based observations
with big data and model simulations to iteratively improve
prediction and understanding for ecology and conserva-
tion (McCleery et al., 2023). Sensitivity analyses then serve
as a useful avenue by which to evaluate parameter impor-
tance in a predictive framework. Given the broad modu-
larity of the NicheMapR mechanistic models, our
approach can be leveraged to explore physiological and
phenological responses for diverse species and systems
simultaneously (Kearney & Porter, 2017, 2020).
Standardization of this approach, grounded in the mathe-
matical representation of mechanism, builds broad under-
standing of how global change influences ecology for
improved prediction and management.
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